ABSTRACT: The New South Wales (NSW) wheat belt is one of the most important regions for winter crops in Australia; however, its agricultural system is significantly affected by water stress and ongoing climate change. Statistically downscaled scenarios from 13 selected global climate models with RCP4.5 and RCP8.5 scenarios were combined with crop simulation models to simulate wheat productivity and water use. We projected that multi-model median yields could increase by 0.2% for RCP4.5 and 9.0% for RCP8.5 by 2061−2100. Although RCP4.5 showed a small decrease in median yield in the dry southwestern parts of the wheat belt, the higher CO 2 concentration in RCP8.5 compensated some of the negative effects, resulting in 12.6% yield increase. Our results show that drier areas would benefit more from elevated CO 2 than would the wetter areas. Without the increase in CO 2 concentration, wheat yields decrease rapidly under RCP4.5 by 2061−2100 and much more so under RCP8.5 compared to the present. A decline in growing season length and a decrease in rainfall resulted in reduced crop water consumption. As a consequence, simulated evapotranspiration decreased by 10.2% for RCP4.5 and 16.9% for RCP8.5 across the NSW wheat belt. Increasing yields combined with decreasing evapotranspiration resulted in a simulated increase in water use efficiency by 9.9% for RCP4.5 and 29.7% for RCP8.5. Wheat production in water-limited, low-yielding environments appears to be less negatively impacted or in some cases even positively affected under future climate and CO 2 changes, compared to other growing environments in the world.
INTRODUCTION
Wheat is Australia's most important grain crop. About 80% of wheat is exported, and Australia contributes around 15% of the world wheat trade annually (www.abs.gov.au/ausstats). Wheat is the main winter crop sown between April and July in the New South Wales (NSW) wheat belt. This region accounts for 27.5% of the Australian wheat-planted area, and 27% of total wheat production in the country is harvested in this region (Australian Bureau of Statistics, 2014: www.abs.gov.au/ AUSSTATS/ abs@.nsf/ Lookup/ 7121.0Main+Features 12013-14?OpenDocument).
Increasing greenhouse gas concentrations are expected to increase Australia's average surface air temperature and alter the temporal and spatial patterns of rainfall. Wheat growing-season (winter and spring) rainfall is projected to decrease over most of the Australian continent under different future scenarios (CSIRO & BoM 2015) . The NSW and Australian Capital Territory Regional Climate Modelling (NARCliM) project (Evans et al. 2014 ) predicted that NSW mean rainfall could decrease by 5−20% for spring in 2060−2079 compared to 1990−2009 . This is considered to be one of the most serious problems related to climate change, as water availability is a primary factor determining crop production in semiarid dryland agricultural systems (Sinclair 2011) .
There is increasing concern about a possible large impact of climate change on future Australian wheat productivity. Previous studies have tried to assess the impact of projected future climate changes on wheat phenology and yield using crop models driven by data derived from global climate models (GCMs) or regional climate models , Yang et al. 2014 , Anwar et al. 2015 . For example, Luo et al. (2005) suggested that wheat yield in southern Australia could decrease by about 13.5−32% under the most likely climate change scenario. J. Wang et al. (2009) found that wheat yields at Wagga Wagga in eastern Australia could be approximately 1% higher than recent yields around 2050 but 6% lower around 2070 under the SRES A1F1 scenario (Nakicenovic & Swart 2000) for future greenhouse gas and aerosol emissions. Yang et al. (2014) investigated the impact of future climate change on wheat productivity at 6 sites in the NSW wheat belt. Simulations showed that flowering dates at all sites shifted earlier by an average of 11 d between 1961− 1990 and 2021−2040 under the SRES A2 emission scenario. The yield difference between the future and recent period varied from + 3.4% to −14.7%. However, the magnitude of the climate change effect differed significantly between soil types and locations. Recent simulations have also indicated that the negative effect of climate warming may be offset by increasing CO 2 fertilization effect (Long et al. 2006 , O'Leary et al. 2015 , Fitzgerald et al. 2016 . Therefore, a comprehensive approach that accounts for CO 2 ferti lization is needed to assess the impacts of future climate on wheat productivity in eastern Australia.
In addition to crop yield, future climate change may also impact the water balance of cropping systems. Several studies have investigated the impact of future climate change on evapotranspiration (ET) and water use efficiency (WUE) of wheat cropping systems (Asseng et al. 2004 , 2011 , Yang et al. 2016 . Yang et al. (2016) described the impact of future climate change on WUE in relation to plant-available water capacity based on 18 GCMs for 12 soil types at 6 sites in eastern Australia. For all 6 sites, ET decreased by 7−28 mm while WUE increased by 0.7−1.3 kg ha −1 mm −1 by 2021−2040 relative to 1961 −1990 . J. Wang et al. (2011 found that, under a high warming scenario, WUE of wheat could increase by 7−20% by 2050 and by 8−33% by 2070 at wetter sites in semi-arid southeast Australia, but would decrease by 6−14% at drier sites, which implies that changes in crop yield may not be proportional to changes in water use.
Although increasing evidence suggests that ongoing climate change has had measurable impacts on crop development and productivity in Australia (Luo et al. 2003 , Potgieter et al. 2013 , future climate change impacts have large uncertainties and remain imperfectly understood in terms of mechanisms and magnitude due to unpredictable aspects of climate change, such as the future amount of rainfall and how it will be distributed during the growing season. Moreover, most recent studies on the impact of climate change on wheat cropping systems in Australia used field-scale crop simulations (Anwar et al. 2015 , Lobell et al. 2015 , O'Leary et al. 2015 , Zeleke & Nendel 2016 . The method of using a representative site for a large area or area containing a wide variety of different climate or soil properties can lead to significant errors (M. . Results for only a few locations may not represent the characteristics of a region (van Bussel et al. 2016 ) and may not properly represent the spatial pattern of climate change im pacts. A reliable assessment of the spatiotemporal patterns of the impact of climate change across the major wheat-growing areas of Australia is required, and this will be most useful at a fine spatial scale.
In recent years, a number of studies, as part of the Agricultural Model Intercomparison and Improvement Project (AgMIP), have examined the differen ces between crop models through systematic crop model intercomparisons (Asseng et al. 2013 , Martre et al. 2015 . However, the wide range of projected impacts on agriculture is associated with both the uncertainty in climate projections (i.e. GCM projections and greenhouse gas emission scenarios) and the structural (or parameterization) differences between crop models (Osborne et al. 2013 , Monier et al. 2016 . Some studies pointed to GCMs being the main source of the uncertainty in magnitude, spatial pattern and even sign of the projected changes (Hawkins & Sutton 2009 , Kassie et al. 2015 . These previous studies parti-tioned the variation of future climate change to 3 main factors, namely the internal variability of climate system, the choice of GCMs (model uncertainty or response uncertainty) and the greenhouse gas emissions pathway (scenario uncertainty). Different GCMs can provide different future climate projections for a particular region. The real climate system is highly complex, and it is impossible to adequately describe its processes with an individual climate model. Authors of model evaluation studies have stated that no single model can be considered 'best' and recommend using results from a range of climate models (Tebaldi & Knutti 2007) . Therefore, the use of many GCMs is important to sample the uncertainties in future climate projections that arise from differences in model structure and parameterization, as well as internal climate variability (Lobell et al. 2015) .
Here we used a crop simulation model to examine the spatiotemporal impact of future climate change on wheat phenology, rain-fed yields, ET and WUE across the NSW wheat belt, both with and without accompanying CO 2 concentration enrichment. Un certainties in future climate changes are sampled by considering output from 13 different GCMs and 2 different scenarios for future greenhouse gas forcing of the climate system (RCP4.5 and RCP8.5) (van Vuuren et al. 2011) . Previous studies have used output from multiple climate models with crop simulation models to investigate the impact of climate change on Australian wheat cropping. However, most of these have generated inputs to the crop model by scaling historical climate observations with simulated climate changes (Ludwig & Asseng 2006 ). To our knowledge, our paper is the first to combine a statistical downscaling method with multiple GCMs and greenhouse gas emission scenarios, and with consideration of the effects of CO 2 enrichment, to provide a spatially comprehensive analysis of how wheat yields respond to climate change at a sub-regional scale. The aim is to show recent advances with more realistic future climate variance, and to provide a scientific basis for strategies to mitigate possible negative effects of climate change on the sustainable development of agro-ecosystems in the NSW wheat belt.
MATERIALS AND METHODS

Study area and climate data
The NSW wheat belt ( Fig. 1) is located in the NSW slopes-plains region some 100−200 km inland, where annual rainfall ranges between 200 and 700 mm . For this study, we classified the wheat belt into 4 subregions with different climate characteristics, including 2 northern subregions, the Northeast (Region I, NE) and the Northwest (II, NW), and 2 southern subregions, the Southeast (III, SE) and the Southwest (IV, SW). During the period 1961−2000, the spatially averaged growing season (April to November) mean temperature was 13.4°C, ranging from 8.3°C in some eastern parts of the wheat belt to 17.1°C in the northwest of the study area (Fig. 2a) ; growing season rainfall averaged across the study area was 381 mm, ranging between 172 mm in the extreme west to 763 mm in the ex treme southeast (Fig. 2b) . In general, the climate is hotter from south to north and drier from east to west.
Daily solar radiation, maximum and minimum temperatures and rainfall data are available for 814 sites in the NSW wheat belt (Fig. 1) . Data from 1900− 2014 were extracted from the SILO patched point dataset (www. longpaddock. qld. gov.au/silo/ppd/ index. php) (Jeffrey et al. 2001) . Relevant data were available from 28 GCMs contributing to the Coupled Model Intercomparison Project Phase 5 (CMIP5) of the World Climate Research Programme. All 28 GCMs have perfor med a 20th century experiment with all anthropogenic and natural forcing and future simulations of the RCP4.5 and RCP8.5 scenarios for atmospheric green house gas concentrations (Taylor et al. 2012) , resulting . We used monthly maximum temperature, minimum temperature, solar radiation and rainfall data from the GCM simulations.
To identify GCMs with satisfactory performance at simulating the climatological temperature and rainfall across the NSW wheat belt, the method of Taylor (2001) was used to select GCMs after characterizing model performance using a skill score derived from correlations and standard deviations between modelsimulated and observed spatial patterns in climatological means. As a result, 13 out of 28 GCMs that achieved a skill score greater than 0.5 for both annual mean daily minimum and daily maximum temperature and rainfall were selected for use in the subsequent ana lysis (Table 1, Fig. 3) . A detailed description of the skill score is provided by Taylor (2001) and B. Wang et al. (2015b) .
Following several recent studies of the impact of climate change on crop growth and development (Yang et al. 2014 , Anwar et al. 2015 , B. Wang et al. 2015b , we used the statistical downscaling and biascorrection method of Liu & Zuo (2012) to generate realistic daily site-specific climate data from monthly GCM output on a coarse-resolution grid. Briefly, the statistical downscaling method used in this study is different from the scaling method, which uses linearly manipulated historical weather records with regional average GCM-simulated climate changes (Ludwig & Asseng 2010) . This approach used GCM monthly climate data and historical observed data for the variables of interest. It can be easily applied to anywhere if a reliable daily historical climate record is available. The downscaling process consists of 2 parts: spatial downscaling and temporal downscaling. Spatial downscaling involves downscaling monthly GCM projections of maximum and minimum temperatures from GCM grid cells to monthly values for each of the sites of interest, in this case 814 sites in the NSW wheat belt, using an inverse distance-weighted (IDW) interpolation method, and then bias correction is applied by transferring the resulting monthly site data using functions obtained from ana lysing observed and GCM data for a historical training period, in this case 1961−2000. Daily maximum and minimum temperatures, rainfall and solar radiation sequences for each site are then downscaled from the spatially downscaled monthly GCM projections using the modified stochastic In this study, future changes in wheat phenology, yield and WUE were assessed by comparing crop model outputs for projected climate conditions for the end of the 21st century with outputs for a recent baseline climate. The World Meteorological Organization has long recommended the use of 30 yr periods to characterize climatological normals (www. wmo. int/ pages/prog/wcp/ccl/documents/WMO_ 100 _en. pdf). However, due to the significant variability in rainfall in eastern Australia on decade-to-decade timescales, we have chosen to use 40 yr periods. In this study, climate data for 1961−2000 were used as a baseline climate to compare against projected future climate for 2061−2100. Daily maximum and minimum temperatures will increase within these time periods, but the effects of long-term changes in rainfall, a key variable in determining simulated yields of rain-fed wheat in the region (E. Wang et al. 2009b) , would be more difficult to discern with shorter periods.
Crop modelling
The growth and yield of wheat were simulated using an Australian biophysical process model known as the Agricultural Production System Simulator (APSIM), version 7.7 (www.apsim.info). The APSIM model, including its Wheat, SoilN, SoilWater and Surface Organic Matter modules, has been well tested for many modern wheat cultivars and is able to accurately simulate the behaviour of crops exposed to a wide range of Australian climatic, soil and management conditions (Asseng et al. 1998 , Keating et al. 2003 , Luo et al. 2005 , Ludwig & Asseng 2006 Table 1 ). The blue ( Wang et al. (2015b) sowing to maturity. In the APSIM-Wheat model, the accumulation of crop biomass during a time step is calculated from either radiation use efficiency (RUE) or transpiration efficiency (TE), depending on whether crop growth is limited by the availability of energy or water. RUE and TE are both enhanced for atmospheric CO 2 concentrations above the late 20th century level of 350 ppm, as described by Reyenga et al. (1999) . Crop development is primarily based on thermal time, whereas leaf and stem growth rates are determined depending on phenological stages. Crop grain yield is a function of grain number, grain-filling and carbohydrate remobilisation. A detailed description of the APSIM model structure and processes is provided by Keating et al. (2003) and Holzworth et al. (2014) . The minimum weather input requirement for APSIM includes daily solar radiation, rainfall, maximum and minimum temperatures. In APSIM, soil water evaporation (ES) and plant transpiration (EP) rates are determined both by the evaporative demand placed on the system and by the soil's ability to supply water to meet this demand (Dietzel et al. 2016 ). Evaporation and transpiration are calculated separately by the model. ES is assumed to take place in 2 stages: the constant and the falling rate stages. In the first stage, the soil is sufficiently wet for water to be transported to the surface at a rate at least equal to the potential evaporation rate. Potential ES is calculated using an equilibrium evaporation concept as modified by Priestley & Taylor (1972) . Once the water content of the soil has decreased below a threshold value, the rate of supply from the soil will be less than potential evaporation (second stage evaporation). These behaviours are described in SoilWater through the use of 2 parameters: U and cona (www.apsim.info/).
The crop model provides the daily water demand, which is determined by the potential crop growth rate (driven by the climate) and a TE coefficient (TEc) which is adjusted for vapour pressure deficit and can also be crop stage dependent. APSIM default TEc values were used in this study (6 kPa for wheat) (Dietzel et al. 2016) . The actual amount of EP during the growing season of the i th year (EP i ) was calculated as
where GSR i , RO i , DD i and ES i are cumulative rainfall, runoff, deep drainage and soil evaporation from the day of sowing to the day of harvesting in the i th growing season, respectively. WS i is the stored soil water used for crop growth, calculated as soil water at sowing minus the soil water at harvesting.
Simulation settings
Elevated levels of atmospheric CO 2 concentration in the plant module of APSIM affect crop growth by influencing RUE, TE and critical leaf nitrogen concentration (Anwar et al. 2015) . Therefore, CO 2 concentration is an important variable required in process-based crop growth models. A function was added to calculate concentration using an empirical equation as a function of calendar year in this study ). The atmospheric CO 2 concentration for RCP4.5 and RCP8.5 in this study was calculated according to B. Wang et al. unpubl. Sowing time was controlled by a sowing rule, which involved a 'sowing window' defined as the period between 1 April and 31 July, taken from the NSW Department of Primary Industries sowing guidelines (Matthews et al. 2014) . Sowing occurred either on the first day within the sowing window when cumulative rainfall over the previous 10 consecutive days was > 25 mm, or on the last day of the sowing window if this condition was not met prior to this (J. Wang et al. 2009 ). This approach was intended to ensure that the crop was sown into moist soil. It allowed the exact date of sowing to vary from year to year and location to location according to variations in the timing of rainfall. However, since the sowing window did not change with time, this method does not represent larger changes in the seasonality of sowing, such as might be implemented by farmers as an adaptation to shorter growing seasons in a warmer climate. A time-invariant sowing window may not be realistic if farmers choose to adapt in this way, but it removed a potentially complicating factor from the study and aided interpretation of the results.
To optimally use the available resources (light, temperature, water and nutrients) and to minimise the chance of frost or heat stress during flowering, 1 of 2 different cultivars was sown in any given year. If the sowing date was before 20 May, the slowmaturing, long-season, 'Bolac' cultivar was planted. If the sowing date was between 20 May and 31 July, the fast-maturing, short-season, 'Waagan' cultivar was plan ted. The only difference between the simulated cultivars was in phenological response, and there were no physiological differences. Existing APSIM-Wheat parameters for degree-day responses, sensitivity to vernalization and photoperiod for calculating crop growth stages were used for the different cultivars. For both cultivars, plants were sown every year at density of 120 plants m −2 and at a depth of 3 cm.
For all simulations, soil organic C, C:N ratio, soil mineral N and soil water content were re-set on 1 January of every year (Asseng et al. 2001 , Manschadi et al. 2006 . This was necessary to exclude 'carry-over' effects from previous seasons and to ensure that information on the direct effects of climate change on the crop could be assessed. Potential changes in the C:N ratio related to changes in biomass production and changes in mineralization rates are not ac counted for. Each year, 100 kg ha −1 N fertilizer was applied on the sowing date, and another 50 and 100 kg ha −1 N fertilizer were added at the juvenile and initial flowering stages, respectively. The high level of N application used was to avoid any nitrogen stress of the crop so that simulated wheat yield was a reflection of climate change rather than fertilizer management.
At each site, wheat phenology, yield, soil water evaporation and crop transpiration during the growth period for different scenarios were simulated (J. Wang et al. 2009 ) produced per unit of water consumed by ET (mm) (Zhang & Oweis 1999 , Mo et al. 2009 , Jalota et al. 2013 :
Soil data
The APSIM framework incorporates the APSoil database from which users can select soils for their simulations. APSoil contains soil water characteristics enabling estimation of plant available water capacity (PAWC) for individual soils and crops. It covers many cropping regions of Australia, and 149 soil data sets from the APSoil database are available for the NSW wheat belt (Dalgliesh et al. 2006) . Each soil file contains information including soil description, soil classification, site, region, latitude, longitude and data source, including the owner, project and experiment from which the data were derived. Each soil also has soil attributes including pH value (pH), layer depth (Thick), bulk density (BD), saturated water content (SAT), drained upper limit (DUL) and crop specified lower limit (LL), from which PAWC can be calculated. Generally, crop yield is closely related to soil PAWC in semi-arid environments (E. Wang et al. 2009a , Yang et al. 2014 . In order to minimise the bias in spatial analysis due to using an unrepresentative soil for a geographic location, the known soil type closest to the weather stations was selected for each of 814 climate sites to simulate rain-fed potential yields . The spatial distribution of the selected 121 soil types relevant to the NSW wheat belt is shown in Fig. 1. 
Spatial analysis
A GIS database was developed and used to process and present simulation results. The database contained climate information and crop model output. In detail, it included growing season mean temperature, rainfall, simulated wheat phenology, wheat yield, the cumulative ET during the growing period and WUE for each site. Using this database, point data for each site were interpolated to generate maps for the entire NSW wheat belt using a climate change adaptation strategy tool (CCAST) developed by Liu et al. (2011) . Spatial average values for each variable were calculated based on the distance weighting coefficient among 814 sites, as weather stations are distributed unevenly in study area. There are many dif ferent methods for spatial interpolation, each with strengths and weaknesses. For example, Kriging gives an estimate of error for each grid point but the downside of this approach is the need to define a global or local variogram, and selection of the appropriate variogram can be problematic. The integration process used in this study was the IDW method (Mueller et al. 2004 , Wu et al. 2006 . IDW is a simple and easy interpolation method for predicting unmeasured values. This method uses the weights directly calculated from the inverse of powered distances. Generated maps were stratified at equal intervals according to the interpolated values.
RESULTS
Projected changes in temperature and rainfall
To present the range in projected future climate, median changes across the 13 GCM simulations in the growing season mean temperature and rainfall for both RCPs were computed for each of the 814 sites. RCP8.5 projects higher temperature increases than RCP4.5. By 2061−2100, the median increase for temperature is on average 2.1°C for RCP4.5 and 3.7°C for RCP8.5 across the wheat belt (Fig. 2c,e) while rainfall is predicted to decrease on average by 3.1 and 3.9% for RCP4.5 and RCP8.5, respectively (Fig. 2d,f) . All GCMs agree on a future temperature WUE Y ET = rise (Fig. 4a) . The highest increase for temperature is located in Region I (NE; see Fig. 1 for regions), with a regionally averaged ensemble median increase of 2.2°C for RCP4.5 and 4.0°C for RCP8.5. The lowest simulated increase is found in Region IV (SW), 1.9°C for RCP4.5 and 3.5°C for RCP8.5. By the end of the 21st century, changes in simulated growing season rainfall vary with GCM used, with some GCMs simulating increases in rainfall and some simulating decreases. In all regions, most GCMs simulate decreases, meaning that regionally averaged ensemble median changes in rainfall are all decreases. The largest ensemble median decrease in rainfall, 3.5% for RCP4.5 and 7.1% for RCP8.5, is found in Region II (NW) (Fig. 4b) . The smallest decrease, 0.5 and 3.5% for RCP4.5 and RCP8.5, respectively, is located in Region (I) NE.
Impacts of climate change on phenology
Simulated days from sowing to flowering (DTF) show a spatial gradient (decrease from east to west), with the average being 138 d, ranging between 64 and 200 d in the NSW wheat belt (Fig. 5a) , which was derived from APSIM simulations driven by observations for the baseline period 1961−2000. The smallest DTF was found in southwestern parts of the region, whereas the largest DTF was found in the southeastern part of the wheat belt. In the future, flowering date is advanced due to gradually increasing temperatures across the region. Compared with the baseline period, by 2061−2100, median DTF is expected to shorten on average by 16.5 d for RCP4.5 and 25.9 d for RCP8.5 across the NSW wheat belt (Fig. 5c,e) . The largest decrease in DTF is found in Region III (SE), with an ensemble median change of 19.2 d for RCP4.5 and 30.7 d for RCP8.5 (Fig. 6a) . The smallest reduction in DTF is located in Region II (NW), with 14.1 and 22.4 d for RCP4.5 and RCP8.5, respectively.
Simulated days from sowing to maturity (DTM) for 1961−2000 presented spatial patterns similar to DTF and were also reduced from east to west, with the average being 183 d, and ranging between 138 and 248 d in the study region (Fig. 5b) . In the future climate, the crop cycle is shortened on average by 16.9 d for RCP4.5 and 27.0 d for RCP8.5 across the wheat belt (Fig. 5d ,f) mostly due to an advance in flowering date. The largest reduction of DTM is found in Region I (NE), with an ensemble median of 18.7 d for RCP4.5 and 33.1 d for RCP8.5 (Fig. 6b) . The smallest decrease in DTM is located in Region II (NW), with 14.7 and 23.9 d for RCP4.5 and RCP8.5, respectively. The changes in DTF and DTM are significantly correlated with the changes in growing season mean temperature, according to a linear regression between changes in simulated DTF and DTM and growing season temperature using regionally averaged data for 13 GCMs and 2 RCPs ( Table 2 ). The time to flowering and maturity is controlled by the daily thermal time in the APSIM model, and increased growing season temperature will increase the rate at which thermal time accumulates. The shortening of the time to flowering and maturity is therefore related to projected temperature increases. DTF could decrease by 7.7, 6.4, 8.9 and 7.8 d, respectively, in Regions I, II, III, and IV, with a mean decrease of 7.7 d for the entire region, as a result of an elevation of mean temperature of 1.0°C. The response of crop growth duration to temperature is larger in the eastern regions than in the western regions. Similar results are found for DTM and temperature.
Impacts of climate change on wheat yield
In the baseline period, simulated wheat yield decreased from east to west due to lower rainfall and the shorter length of the growing period caused by higher temperature in the west. The simulated regional averaged wheat yield was 4162 kg ha −1 , ranging between 1090 and 7996 kg ha −1 across the wheat belt (Fig. 7a) , which is the same range as reported by E. Wang et al. (2009b) . The average yield is higher than the averaged shire yield of 2700−3300 kg ha −1 in the year 2000 (B. Wang et al. 2015a) . Considering that our simulations were based on no limitation from N, pests or weeds, the baseline yields represent an achievable yield in this region. by on average 0.2% for RCP4.5 and 9.0% for RCP8.5 in 2061−2100 across the NSW wheat belt (Fig. 7b,c) .
It is interesting to note that the RCP4.5 shows median yield decline in the dry southwestern parts of the wheat belt (Fig. 7b) . However, RCP8.5 leads to a multi-model median yield increase as a result of the higher CO 2 concentration compensating some negative effects. The largest increase in wheat yield is found in Region II (NW), with an ensemble median increase of 5.5% for RCP4.5 and 11.2% for RCP8.5 (Fig. 8) . The smallest ensemble median increase is located in Region III (SE) with 0.2 and 5.1% for RCP4.5 and RCP8.5, respectively. The importance of CO 2 fertilization in wheat production is demonstrated by simulating future yield with only the change in climate. Without the increase in CO 2 concentration, simulated wheat yield decreases rapidly under RCP4.5 by 2061−2100 and much more so under RCP8.5 compared to the present (Fig. 8) . It is interesting to note that some GCMs show a decrease in simulated yield even with CO 2 fertilization. These GCMs may show a greater yield reduction without CO 2 positive effects. In contrast, with the exception of Region II (NW) descriptive statistical analysis was conducted using regional averages for 13 GCMs and 2 RCPs and a linear regression model. The relationships between changes in wheat yield and changes in wheat growing season rainfall, temperature and CO 2 concentration are shown in Table 3 . With this regression analysis, the contribution of specific climate factors to yield change can be quantified. In all subregions, the change in wheat yield is significantly correlated with each percentage change in the future rainfall, and the impact increases progressively from higher rainfall to lower rainfall regions. For example, there is a significant 0.65% grain yield change in Region III (SE) (higher rainfall region) for each percentage change in rainfall compared to significant 1.17% grain yield changes in Region IV (SW) (lower rainfall region). Simultaneously, dry southwestern parts of the wheat belt benefit greatly from CO 2 fertilization, as APSIM simulates the CO 2 fertilization effects through an increase in TE (Sultan et al. 2014 ).
Changes in simulated ET and WUE
The spatial patterns of simulated cumulative ET for the growth period derived from APSIM simulations driven by observed baseline climate data are presented in Fig. 9a , which shows that the ET value for wheat is lower in the west than in the east, associated with the spatial gradients of rainfall (which decreases from east to west). The spatially averaged wheat ET was 293 mm, ranging from 133 to 458 mm across the wheat belt. The simulated ET could decrease by 2061−2100 in response to warming conditions and reduced rainfall. The spatial pattern of median ET changes is quite similar to that of the growth period changes, suggesting that ET decreases mainly due to shortened wheat growth duration. ET decreases by 7.2% for a 10 d decline in the growth period (Fig. 10) . Table 3 . Regression coefficients of changes in wheat yield (ΔY, %) with changes in wheat growing season mean temperature (ΔT, °C), rainfall (ΔR, %) and CO 2 concentration (ΔCO 2 , ppm) in a multiple linear regression model (ΔY = a ΔT + b ΔR + c ΔCO 2 ); *p < 0.05, **p < 0.01
ΔET ( Compared with 1961−2000, the multi-model median ET is expected to decrease by an average of 10.2% for RCP4.5 and 16.9% for RCP8.5 by the end of this century across the NSW wheat belt (Fig. 9c,e) . Fig. 11a shows the relative change in ET compared to that for the baseline period under the RCP4.5 and RCP8.5 scenarios with and without CO 2 fertilization. The difference in the changes in ET simulations with and without CO 2 fertilization was relatively small. The largest ensemble median decrease in simulated ET is found in Region III (SE), especially under the high-emission RCP8.5 scenario, followed by Region I (NE); the smallest changes in ET occur in Regions IV (SW) and II (NW) (Fig. 11a) . The spatial distribution of wheat WUE under the baseline climate is presented in Fig. 9b . WUE decreased from east to west. The spatially averaged wheat WUE was 13.2 kg ha −1 mm −1 , ranging from 6.8 to 17.6 kg ha −1 mm −1 across the wheat belt. The spatial patterns of median WUE changes in relation to the baseline under RCP4.5 and RCP8.5 in 2061−2100 are presented in Fig. 9d ,f. In contrast with ET changes, median WUE clearly shows an increasing trend across the wheat belt. By 2061−2100, median WUE is expected to increase by an average of 9.9% for RCP4.5 and 29.7% for RCP8.5 across the NSW wheat belt. Fig. 11b shows the relative change of WUE under RCP4.5 and RCP8.5 with and without CO 2 fertilization for the 4 subregions. In general, with CO 2 fertilization, the majority of, and sometimes all, GCMs 94 Fig. 10 . Relationship between simulated change in evapotranspiration (ET) and wheat growth period (G) across 4 regions in the NSW wheat belt (see Fig. 1 ). ** p < 0.01 Fig. 11 . Simulated changes in wheat (a) evapotranspiration (ET) and (b) water use efficiency (WUE) with and without CO 2 fertilization under RCP4.5 and RCP8.5 in the 4 regions over the NSW wheat belt. Details as in Fig. 4 show an increase in WUE. In all subregions, most of the GCMs present decreases in WUE without CO 2 fertilization. The largest ensemble mean increase in WUE is found in Region III (SE), especially under the high-emission RCP8.5 scenario, followed by Region I (NE); the smallest changes in WUE are located in Regions II (NW) and IV (SW) (Fig. 11b) .
DISCUSSION
GCMs typically provide gridded data at a spatial resolution of several hundreds of kilometres. In impact studies, this resolution is too coarse for the output to be used directly in detailed regional-scale analysis to resolve small-scale processes such as eastern Australia. Therefore, before we use these GCMs, we first need to identify satisfactory GCMs in simulating the climate over the NSW wheat belt. In our study, we used a skill score defined in the method of Taylor (2001) that combined correlation and standard deviation between simulated and observed spatial patterns in climatological temperature and rainfall means to select satisfactory climate models across the studied region. As a result, 13 out of 28 GCMs were selected for downscaling. Monthly gridded outputs of these GCMs were downscaled to station-scale daily weather series. Future climate projections from the multi-model median values based on the 13 selected GCMs showed an averaged warming of 2.1°C for RCP4.5 and 3.7°C for RCP8.5 across the NSW wheat belt in 2061−2100 compared to the baseline period 1961−2000. However, not all GCMs agreed on the sign of rainfall change. Large differences in magnitude and sign existed between different climate mo dels. Multi-model median values showed a decrease in growing season rainfall. The re sults generally agreed with the study from CSIRO & BoM (2015) and the NARCliM project (www.ccrc. unsw.edu. au/sites/ default/files/NARCliM/index. html).
The growth periods from sowing to flowering and maturity are critical phenological stages for wheat crops. Although there is still a considerable degree of uncertainty of projected future climate change, our analysis predicted that DTF would shorten by 14 to 31 d across the whole study area, depending on the scenarios and locations, which is analogous to the findings of other modelling studies (Sadras & Monzon 2006 , Zheng et al. 2012 , Potgieter et al. 2013 , Yang et al. 2014 , B. Wang et al. 2015b . Our results also showed that a decrease in DTM under future climate was consistent with the reduction in DTF. Moreover, modelled DTF and DTM had a similar response to rising temperature, approximately −8 d°C −1 . This rate compared well with rates derived from Sadras & Monzon (2006) and Anwar et al. (2015) . Our results implied that an early flowering date may result in the advance of maturity, which means that the DTF contributed to most of the variation in DTM. The duration of the post-anthesis phase was relatively stable (Sadras & Monzon 2006) . However, shorter vegetative periods in the future climate result in less time to intercept radiation and water than in the current climate. Therefore, the change in phenological development has become one of the most important attributes involved in crop adaptation to climate change, such as changing the planting window (sowing earlier) to escape heat stress around flowering as frost-free seasons become more frequent due to global warming (Zheng et al. 2012 ) and selecting long-season wheat cultivars that are resistant to water stress and high temperature during grain filling (Ludwig & Asseng 2010) .
Our simulated spatial patterns of yield for the baseline period 1961−2000 were associated with spatial distribution of rainfall, which is consistent with the fact that rainfall is the main climatic factor in determining yield (Oliver et al. 2009 , Yu et al. 2014 , B. Wang et al. 2015a . Wheat yield showed obvious differences between eastern and western parts of the wheat belt as a result of spatial patterns of growing season rainfall. Spatially, in our simulations, multimodel median yields increased by 0.2% for RCP4.5 and by 9.0% for RCP8.5. The median yield increase for RCP4.5 was small probably due to half of the GCMs predicting yield decreases while the other half predicted increases. However, these findings were in contrast with the conclusions of Yang et al. (2014) and Anwar et al. (2015) . Using the APSIM model with 18 GCMs, they found that median wheat yield decreased at some of their climatologically distinct study sites in the NSW wheat belt under SRES A2 emission scenarios. The reason for the differences in results across these studies could be due to the choice of climate models, greenhouse gas emissions scenario, time horizon and different configurations of the crop model (such as soil types and crop management practices at each site), which can strongly influence the sign and magnitude of yield response (Araya et al. 2015 , Kassie et al. 2015 . For example, Yang et al. (2014) focused on CMIP3 GCM data and used A2 emission with individual sites, particularly in a near future period (2021−2040). Our study was based on the latest greenhouse gas emission scenarios and GCM projections and focused on a far future period (2061−2100).
Rising concentrations of CO 2 in the atmosphere are driving global warming that will impact crop yields through changes in rainfall and increases in temperature. However, elevated CO 2 also has beneficial physiological effects on crops through the stimulation of photosynthesis and reduction of drought stress as a result of lower stomatal conductance and greater intercellular CO 2 . By conducting a systematic comparison between yield response to climate change with or without CO 2 effect, many studies have concluded that the impact of higher atmo spheric CO 2 concentration is another major source of uncertainty in quantification of crop yield (Soussana et al. 2010 , Sultan et al. 2014 . Acceleration of crop development and shortening of growth duration could reduce the yield potential. However, this unfavourable effect is counterbalanced by the positive CO 2 effects on biomass production. The impact of CO 2 level is 2-fold, as it governs climatic changes and simultaneously triggers crop responses (Vanuytrecht et al. 2011) . Although the effectiveness of CO 2 fertilization has been assessed in various modelling and experimental studies, there is still an ongoing debate and uncertainty about the extent of effects of CO 2 fertilization on future crop yields (Ainsworth & Long 2005 , Long et al. 2006 ). For example, Sun et al. (2009) reviewed and quantified the yield increase of C3 crops to be 18% on average, ranging from 3 to 35% for CO 2 elevated to between 500 and 570 ppm in various Free-Air CO 2 Enrichment (FACE) experiments. In our simulations, we compared our RCP4.5 and RCP8.5 results with the analogous simulations where the CO 2 concentration was fixed at 330 ppm to roughly estimate a magnitude of CO 2 effect on wheat yield. Without the increase in CO 2 concentration, simulated wheat yield decreased remarkably for 2 RCPs in 2061−2100. Our results showed that CO 2 fertilization significantly reduced the negative climate impacts, increasing wheat yield by about 10.9% for RCP4.5 and 24.8% for RCP8.5 in the future. Wheat in drier parts of the wheat belt would benefit more from the positive impact of elevated CO 2 concentration than wheat in wetter areas. Our results are consistent with previous studies in rainfed cropping systems (Luo et al. 2003 , J. Wang et al. 2011 , Sultan et al. 2014 ). Recent analyses of FACE studies indicate that, at 550 ppm atmospheric CO 2 concentration, observed yields increase under unstressed conditions by 26% for wheat in Australian dry land (O'Leary et al. 2015 ). The APSIM model simulates the CO 2 fertilization effects through an increase in RUE as well as TE. However, a contribution of elevated CO 2 effects cannot be directly quantified without further examination. CO 2 fertilization is a complex process associated with crop characteristics and governing environmental conditions (Vanuytrecht et al. 2011) . However, interactions between CO 2 fertilization and limiting factors, especially heat and drought stress, are increasingly well understood (Lin et al. 2005) .
Water consumption is strongly impacted by climatic shifts in temperature and rainfall, concomitant with elevated atmospheric CO 2 in a future climate (J. Wang et al. 2009 ). As an important water loss factor in field water balance, ET during the wheat growth period always decreased by 10.2 to 16.9% across the wheat belt under future climates. Under the warming conditions, the vegetative periods of wheat will be advanced and their reproductive periods shortened; the enriched CO 2 concentration will reduce leaf stomatal conductance and then decrease ET rates. There was a relatively small response of growing season ET to CO 2 fertilization because the shortened wheat growth period and decreased rainfall were the main determining factors. Trends of decreasing wheat ET under future climate projections were similar among the 4 subregions and showed agreement with previous impact assessment studies in southeastern Australia (J. Wang et al. 2009 , Yang et al. 2016 . However, the change in wheat yields was not proportional to the change in water use. Overall, increases in WUE were generally associated with improved wheat yields rather than with reductions in water used. The median wheat yields showed an increase while cumulative ET decreased, which resulted in WUE increase in the future climate. It should be noted that simulated WUE showed a decreasing trend without considering CO 2 fertilization, indicating that elevated CO 2 could improve the water use efficiency of wheat to a certain degree.
In our study, there are some uncertainties arising from processes within the crop model (e.g. strength of CO 2 fertilization), the selection method for GCMs and the method of future climate scenario generation (Osborne et al. 2013) . The projected yield increase in the future could be overestimated because the crop model generally does not sufficiently account for yield reduction due to diseases, pests, weeds, effects of extreme heat and drought stress (Gornall et al. 2010 ). We did not explicitly consider certain aspects such as technological innovations, which will obviously have a significant impact on wheat yield in the future. In addition, we have studied 2 current wheat cultivars. These cultivars do not have a great vernalization requirement and we have assumed that they are still able to vernalize in a warmer future climate. However, as a result of phenological responses to increasing temperatures, current wheat cultivars may not be suitable for future climate conditions due to a shorter growth cycle and exposure to extreme high temperatures during the flowering time (Zheng et al. 2012 , B. Wang et al. 2015b . One adaptation to a warming climate may be to adopt slower-maturing cultivars to offset the shortening of the growing season. In addition, new wheat cultivars might provide more drought and heat resistance against warming conditions. Finally, management strategies that are optimized for present-day climate may not necessarily be optimal for future climate. It should be noted that some potential adaptation opportunities arising from managing soil water more efficiently through the wheat growing season, such as choosing cultivars, sowing time, sowing density and fertilizer timing and amount, were not included in this impact analysis. Therefore, our current simulated results should be used with caution in the development of climate change adaptation strategies. Despite these limitations, this study provides a framework for assessing the future trend in wheat yield under the latest greenhouse gas emissions and CMIP5 GCM projections to facilitate policymaking and strategic management.
CONCLUSION
The responses of wheat productivity and water use to 2 projected future climate change scenarios in the NSW wheat belt were simulated by using the APSIM model with the output of 13 GCMs statistically downscaled to individual locations. Our results show a decrease in DTF and DTM for 2061−2100 compared with a baseline period across the whole production region for 2 different cultivars. The advance in time to flowering contributed to most of the changes in wheat phenology. Spatially, median wheat yields could increase on average by 0.2% for RCP4.5 and 9.0% for RCP8.5 across the NSW wheat belt. The largest increase was found in the northwestern parts of the wheat belt with 12.6% for RCP8.5. ET could decrease by 10.2% for RCP4.5 and 16.9% for RCP8.5 by the end of this century due to a reduction in length of the wheat growing period and a decrease in rainfall. However, increasing yields combined with decreasing ET resulted in WUE increasing by 9.9% for RCP4.5 and 29.7% for RCP8.5. Comparisons of simulation results with and without CO 2 fertilization indicate that an increase in CO 2 concentration with future climate change scenarios will increase wheat yields and improve WUE. Our study is in contrast to other studies and showed that low-rainfall/low-yielding growing environments might benefit more from climate change due to the stimulating effects of elevated CO 2 on water-limited crop productivity.
